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Promoting Physical Activity Among Cancer Survivors:

Meta-Analysis and Meta-CART Analysis of Randomized Controlled Trials
As of January 2016, 15.5 million Americans (~5% of the U.S. population) were cancer survivors, and this number is projected to increase to 20.3 million by 2026 and to 26.1 million by 2040 (National Cancer Institute, 2017) . Although cancer treatments (e.g., chemotherapy, radiation therapy) can improve survival rates, they have multiple negative side effects including suppressed immune function, fatigue, and reduced quality of life (e.g., Jacobs & Shulman, 2017; Mustian, Sprod, Janelsins, & Peppone, 2012; Schmitz et al., 2005) . Physical activity is safe for cancer survivors (Schmitz et al., 2010) and is a key non-pharmacological intervention for the effective management of acute, chronic, and late side effects (e.g., Mustian et al., 2012) .
Numerous systematic reviews and meta-analyses have confirmed that physical activity interventions have a positive impact on physiological and psychological outcomes among cancer survivors (e.g., Ballard-Barbach et al., 2012; Ferrer, Huedo-Medina, Johnson, Ryan, & Pescatello, 2011; Fong et al., 2012; Meneses-Echávez, González-Jiménez, & Ramírez-Vélez, 2015; Mishra et al., 1996; Speck, Courneya, Mâsse, Duval, & Schmitz, 2010; Winzer, Whiteman, Reeves, & Paratz, 2011; Wolin, Ruiz, Tuchman, & Lucia, 2010) . However, there is little research investigating which of these interventions are most effective in promoting physical activity, the behavior change that leads to these outcomes. The present meta-analysis addresses two questions: (1) How effective are interventions in promoting physical activity among cancer survivors? and (2) Which strategies lead to greater effectiveness?
Previous Reviews of Physical Activity Among Cancer Survivors
A systematic review of 27 observational studies found consistent evidence that physical activity is associated with reduced all-cause, breast cancer-specific, and colon cancer-specific Physical Activity Among Cancer Survivors 5 mortality among cancer survivors (Ballard-Barbach et al., 2012) . Meta-analyses of randomized controlled trials (RCTs) that included biomarker endpoints suggest that physical activity promotes beneficial changes in insulin-like growth factor axis proteins, insulin, inflammation, and immune function (Ballard-Barbach et al., 2012; Fong et al., 2012; Winzer et al., 2011) .
Meta-analyses of RCTs also indicate improvements in weight, body composition, cardiorespiratory fitness, and muscle strength (Fong et al., 2012; Schmitz et al., 2005; Speck et al., 2010; Wolin et al., 2010) . Quantitative syntheses of RCTs also indicate that physical activity interventions lead to fewer symptoms, improved quality of life, and increased wellbeing among cancer survivors (Cramp & Bryon-Daniel, 2012; Ferrer et al., 2011; Fong et al., 2012; Meneses-Echávezet al., 2015; Mishra et al., 1996) .
Although physical activity has the potential to reduce cancer risk and to improve quality of life among cancer survivors, less research has focused on how effective are interventions to increase the amount of physical activity that cancer survivors undertake. We located 5 systematic reviews that investigated this issue (Bluethmann et al., 2015; Rossi, Friel, Carter, & Garber, 2017; Speck et al., 2010; Spencer & Wheeler, 2016; Stacey et al., 2014) . The number of RCTs included in these reviews was modest, ranging from 3 (Spencer & Wheeler, 2016) to 14 (Bluethmann et al., 2015) . Moreover, these reviews were circumscribed by a focus on particular theoretical perspectives such as social cognitive theory (Stacey et al., 2014) or motivational interviewing (Spencer & Wheeler, 2016) , particular samples (e.g., breast cancer survivors; Bluethmann et al., 2015; Rossi et al., 2017) , or particular settings (e.g., unsupervised programs; Speck et al., 2010) . These considerations underline the need for a comprehensive review that quantifies the impact of physical activity interventions for cancer survivors across different intervention approaches, samples, and settings.
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Identifying Modifiable Determinants of Intervention Effectiveness: Meta-CART and Iterative
Meta-Regression Analysis
Merely assessing the overall effectiveness of interventions does not clarify which intervention strategies are effective in promoting physical activity, or offer guidance about which strategies should be deployed for in future interventions (Abraham & Michie, 2008; Sheeran, Klein, & Rothman, 2017) . To address this issue, we coded categories of psychological change techniques and intervention features for each RCT included in the current review, and used metaregression and Meta-CART analyses to identify strategies that predicted larger effect sizes.
Psychological change techniques are mechanism-based intervention contents that are designed to generate a specified psychological change (e.g., increase information, promote motivation, or enhance self-efficacy). Abraham and Michie (2008) demonstrated that it is possible to reliably identify and categorize change techniques from intervention descriptions, and Michie et al. (2009) showed that meta-regression can identify techniques that are associated with greater effectiveness of interventions to promote physical activity (see also, Greaves et al., 2011) .
Intervention features refer to characteristics of the intervention that could potentially be changed in order to improve intervention effectiveness. Key intervention features examined here were the setting (e.g., home vs. clinic/hospital), mode of delivery (e.g., one-to-one vs. group session vs. online), intensity (i.e., duration, contact time, number of sessions), source (e.g., researcher vs. nurse vs. physical therapist), and program type (i.e., supervised vs. unsupervised physical activity). We also coded characteristics of the sample (e.g., age, gender), cancer (type of cancer, stage), and methodological features (e.g., self-report vs. objective measure of physical activity).
We used classification and regression trees analysis (CART; Breiman, Friedman, Olshen, & Stone, 1984) to test what combination of change techniques and intervention features predict Physical Activity Among Cancer Survivors 7 effect sizes. CART generates a tree structure that specifies what combination of intervention features maximally predict effect sizes. CART iteratively selects features that provide the best split of individuals into homologous groups according to their effect sizes. We complemented the CART analysis with a novel approach inspired by CART that we termed iterative metaregression analysis (IMRA). For each split in the tree identified by CART, we undertook metaregressions of effect sizes on intervention strategies whenever that strategy was used in at least four tests. These meta-regressions were iterative in that the analyses were repeated for each significant split until there were either too few tests to permit further meta-regression analysis, or no significant associations were observed between effect sizes and techniques/features (i.e., further splits could not be identified). Combining IMRA with CART analysis in this way maximizes information about how factors combine to predict effect sizes.
Thus, the aims of the present meta-analysis were twofold: (1) To quantify the effectiveness of interventions in promoting physical activity among cancer survivors, and (2) To determine what combination of change techniques and intervention features is associated with greater effectiveness.
Method
The meta-analysis was registered at Prospero (CRD42016051281) and followed PRISMA guidelines (Moher, Liberati, Tetzlaff, Altman, & The PRISMA Group, 2009).
Search Strategy
Studies were obtained via (a) a computerized search of relevant databases (CINAHL, PubMed, EMBASE, MEDLINE, PsycINFO, Web of Science, Cochrane Library, and ProQuest).
Search terms were optimized for each database by a medical librarian; the search was initiated on September 18, 2015 and was last updated on October 5, 2016; (b) a manual search of the reference lists of previous reviews and papers that met the inclusion criteria for the review, and The computerized search strategy included terms for (a) cancer survivors (e.g., cancer survivor, cancer patient), (b) randomized controlled trial (e.g., trial, intervention), and (c) physical activity (e.g., exercise, physical activity) (see Table S1 in the Supplementary Materials for the precise search terms used in each database). There were five inclusion criteria for the review. First, the study used a randomized controlled design, meaning that participants were allocated at random to a treatment versus a control condition. Second, an intervention to promote physical activity was tested. Third, participants were cancer survivors. We used the National Cancer Institute's definition of a survivor, which states that in the context of cancer, "...a person is considered to be a survivor from the time of diagnosis until the end of life" (NCI Dictionary of Cancer Terms, 2017). Fourth, a measure of physical activity (moderate/vigorous physical activity, walking, energy expenditure, resistance training, sedentary behavior, or meeting physical acidity guidelines) was obtained for treatment and control conditions following the intervention. Fifth, the report was written in English. assistants. This screening resulted in the exclusion of 29,155 records because they did not Physical Activity Among Cancer Survivors 9 concern cancer survivors or physical activity, or did not report findings from a randomized controlled trial. Assessment of the eligibility of 1,618 full-text records led to the exclusion of 1,490 articles. Reasons for exclusion were (a) publication was a conference abstract (n = 418);
(b) study did not report a measure of physical activity (n = 412); (c) study was not a randomized controlled trial (n = 386); (d) duplicate study information was reported (protocol paper, baseline findings, etc.) (n = 137); (e) report was not written in English (n =40); (f) study did not involve cancer survivors (n = 35); (g) insufficient data were reported or effect size could not be retrieved, even after contacting the authors (n = 24); (h) participants were instructed not to exercise outside of the supervised exercise program they were enrolled in, and non-protocol exercise was only assessed as a means of controlling for variability among the sample (n =14); (i) publication could not be located even by professional librarians (n =13); (j) no change techniques could be identified from the intervention description provided (n = 9); (k) a crossover-design was used making contamination between conditions likely (n = 2). Thus, 128 papers met our inclusion criteria. As some papers reported multiple studies or trials had multiple intervention groups, a total of 138 effect sizes could be computed from these reports. The Supplementary Materials present the characteristics of each study included in the review (Table S2 ) and the references for the 128 papers.
Analysis Strategy
We used Cohen's d as the effect size metric. Effect sizes represent the difference in amount of physical activity at follow-up for the treatment compared to the control condition;
larger positive values indicate more effective interventions (i.e., greater physical activity). When multiple indicators of physical activity were reported in a single study, we used each individual effect size to assess the impact of interventions on these different outcomes and also computed the weighted average effect size within the study to represent the overall study effect. When studies included more than one treatment condition, we divided the sample size for the control group by the number of intervention groups, so as not to "double count" participants (Higgins & Green, 2011) . To offer a strong test of the effectiveness of physical activity interventions for cancer survivors, effect sizes were computed using data from (a) the longest follow-up after the intervention, and (b) intention-to-treat analyses if both intention-to-treat and per protocol analyses were reported.
We used STATA Version 14.2 (StataCorp, 2016) to conduct random effects metaanalyses and meta-regressions. We first computed the sample-weighted average effect size and computed heterogeneity statistics (Q, I 2 ). Next, we checked for publication bias using the funnel plot and Egger's regression. Duval and Tweedie's (2000) trim and fill procedure was used to correct for publication bias. Small sample bias was assessed using the procedure recommended by Coyne, Thombs, and Hagerdoorn (2010): we coded whether or not studies had adequate power (i.e., 55% power to detect a medium-sized effect even when it is present) and regressed effect sizes on this predictor. We also used random effects meta-regressions to test the associations between effect sizes and (a) psychological change techniques, (b) sample characteristics, (c) features of the intervention, and (d) methodological features, including study quality.
Meta-CART and iterative meta-regression analyses. CART is a supervised machine
learning algorithm that is fully data-driven. To our knowledge, CART has only been used in one previous meta-analysis in health psychology (Dusseldorp et al., 2014) . Importantly, because CART does not take into account intervention-level characteristics (such as sample size) and cannot distinguish between random and fixed effects, we conducted follow-up analyses using random effects meta-regressions and subgroup analyses. That is, we corroborated the CART findings using procedures that take sample size and random effects into account, and we present the average d-values for relevant subgroups in the figure representing the tree.
CART analyses were conducted using the publicly available rpart package (Therneau, Atkinson, & Ripley, 2015) and the freely available R software (R Core Team, 2012) . Table S3 in the Supplementary Materials provides a full description of the analytic procedure, including the R code, used here. Briefly, CART identifies which sets of intervention features maximally predict effect sizes. This is done by iteratively selecting features, which provide the best split of individuals into homologous groups according to their effect sizes. Next, cross-validation is conducted to see how well the model obtained on a subset of individuals (the training set) can predict outcomes for the remaining individuals (the test set). The model was pruned by selecting the final split that provided the best cross-validation results across 1,000 iterations.
Iterative meta-regression analyses (IMRA) were conducted in STATA. When particular factors were significantly associated with effect sizes, we included findings from the subgroup analysis in the figure. We then undertook meta-regressions within both levels of factors that were significant at a previous level, and continued this procedure until no further change techniques or intervention features predicted effect sizes or there were too few tests to permit further analysis (k < 4; see Michie et al., 2009) .
Coded Variables
Categories of change techniques. We developed a bespoke taxonomy of categories of psychological change techniques (hereafter "techniques") designed to change precursors of physical activity. We combined top-down (previous taxonomic research) and bottom-up (indepth inductive analysis of the empirical studies included in the review) approaches (for discussion, see Abraham, 2016; Skinner, Edge, Altman, & Sherwood, 2003) and generated a taxonomy comprising 34 distinct techniques (see Table S4 in the Supplementary Materials for definitions of each technique category). Nineteen techniques defined in Abraham and Michie's (2008) taxonomy were found to be relevant, as were 5 techniques defined in a later taxonomy (Michie et al., 2011) . An additional 10 techniques were identified from careful assessment of the intervention descriptions provided in papers and included "Establish outcome expectations" (i.e., Encourage participants to expect realistic and positive outcomes of physical activity) and
"Provide safety information about physical activity". The presence versus absence of each technique was coded (1 and 0, respectively). Following de Bruin et al.'s (2010) recommendation, techniques were coded for both treatment and control conditions. Sample, intervention, and methodological characteristics. Sample, intervention, and methodological characteristics that could potentially moderate effect sizes were coded from each study (see Table S5 in the Supplementary Materials). Sample characteristics included mean age, gender composition of sample, and average time since cancer diagnosis; intervention characteristics included the source and setting of the intervention, total contact time, as well as modes of delivery; methodological features included whether the control condition was active and aspects of study quality, assessed using the Cochrane Collaboration's Tool for Assessing Risk of Bias (Higgins & Green, 2011) . Discrepancies were resolved through discussion.
Results
Trial Characteristics
On average, interventions involved 51 participants in the treatment condition and 43 participants in the control condition (SD = 53.68 and 52.08, respectively). Table S6 in the Supplementary Materials). Incomplete Physical Activity Among Cancer Survivors 14 outcome data (k = 39) and selective reporting were infrequent (k = 10), but so was blinding of participants/personnel (k = 1) and outcome assessment (k = 34). Random sequence generation (k = 83) and allocation concealment (k = 79) were common.
Overall Effects of Interventions on Physical Activity Among Cancer Survivors
The sample-weighted average effect size for 138 physical activity trials was of small-tomedium magnitude (d+ = .35, 95%CI = .29 to .41 interventions were not effective in reducing sedentary behavior (95%CI = -.08 to .34). Effect sizes were equivalent whether physical activity was measured objectively (e.g., accelerometer data) or via self-reports. There was also no difference in the effect size observed in studies that used an immediate follow-up assessment after the intervention and those using a longer-term follow-up (d+ = .36 and .33, respectively). Figure S1 in the Supplementary materials presents the forest plot of effect sizes. Effects were heterogeneous (Q = 345.55, p < .001) and heterogeneity was of moderate to high magnitude (I 2 = 60.4). Inspection of the funnel plot (see Figure 2 ) suggested that the observed effects were characterized by publication bias and Egger's regression confirmed that this was the case (B = 1.46, SE = 0.28, p < .001). Trim and fill analysis to correct for publication bias led to the imputation of k = 34 additional effects and yielded an adjusted d+ = .20 (95%CI = .13 to .27).
Eight studies included in the review were unpublished (5.80%). Meta-regression of effect sizes on publication status (published = 1, unpublished = 0) indicated that the association was not significant (B = .19, SE = 0.18, p = .27).
Meta-regression indicated that the effects were characterized by small sample bias (B = -.24, SE = 0.07, p = .001); whether or not studies were underpowered accounted for 18% of the variance in effect sizes. Studies that were adequately powered according to Coyne et al.'s (2010) criterion exhibited a smaller average effect size (d+ = .23, 95%CI = .16 to .30) compared to underpowered studies (d+ = .48, 95%CI = .38 to .59). 
Meta-Regression of Effect Sizes on Change Techniques
Meta-Regression of Effect Sizes on Sample, Intervention, and Methodological Features
Interventions that deliberately targeted participants who were overweight or engaged in little physical activity had larger effect sizes (B = .15, SE = .07, p = .03, R 2 = .03; see Table S5 in the Supplementary Materials). Consistent with this finding, higher mean BMI of study participants was also associated with larger effects (B = 4.90, SE = 2.32, p = .04, R 2 = .04). Age was negatively associated with effect size (B = -.007, SE = .003, p = .03, R 2 = .04), and there was a marginally significant association between effect size and the percentage of minority participants in the sample sizes (B = .003, SE = .001, p = .053, R 2 = .10); there were larger effect sizes in samples with a greater proportion of minority participants. The type of cancer (e.g., breast vs. colorectal), stage of cancer, cancer treatment status (currently in treatment vs. not), or treatment type (e.g., chemotherapy) were not associated with effect sizes (see Table S10 in the Supplementary Materials).
Several intervention features predicted effect sizes. Interventions set in community
centers and other settings (i.e., not home, clinic, or other community settings) were associated with larger effects (B = .20 and .36, SE = .10 and .17, R 2 = .05 and .06, respectively, p = .05).
Interventions delivered by mail and interventions involving self-complete or tailored workbooks
exhibited smaller effects compared to other modes of delivery (B = -.18 and -.29, SE = .08 and .10, R 2 = .08 and .12, ps < .03). Intervention contact time explained more than one-fifth of the variance in effect sizes (R 2 = .21); greater contact time was associated with increased effectiveness (B = .002, SE = .001, p = .01).
One methodological feature was associated with effect sizes: active control conditions predicted smaller effects of interventions (B = -.16, SE = .07, p = .02, R 2 = .05). Risk of bias was not related to effect sizes (see Table S11 in the Supplementary Materials).
Meta-CART and Iterative Meta-Regression Analyses
We first conducted CART analysis with the continuous effect size data as the outcome variable. However, as Dusseldorp et al. (2014) also observed, cross-validation indicated that the results were unstable for this outcome, meaning that the prediction errors obtained with crossvalidation did not improve with addition of features in the model. We therefore followed Dusseldorp et al.'s (2014) lead and used a dichotomous outcome created by taking a median split of the effect sizes. Here, results became stable. Cross-validation analysis indicated that the first split resulted in the fewest classification errors and distinguished supervised exercise programs and unsupervised programs (see Figure 3 ). Meta-regression and subgroup analyses confirmed this split and indicated that supervised programs exhibited a larger effect than unsupervised programs (d+ = .49 vs. .26).
We supplemented the meta-CART analysis with iterative meta-regression analyses to determine whether any change techniques or intervention features predicted effect sizes for supervised programs or unsupervised programs (see Table S12 in the Supplementary Materials for regression coefficients). One characteristic, intervention contact time, was associated with larger effect sizes for supervised programs. Effect sizes for trials above and below the median contact time (Mdn = 24 hours) were d+ = .69 and .36, respectively. Further meta-regression analyses within high and low levels of contact time revealed no other significant predictors of the effectiveness of supervised programs. as, or more, effective than physical activity interventions for general population samples (Abraham & Graham-Rowe, 2009; Michie et al., 2009) .
It is notable that this positive effect emerged in the context of several commendable features of the primary research studies. Physical activity was measured objectively in 29% of tests (k = 40), the mean attrition rate was modest (18.34%), and study quality assessed via the Cochrane tool was generally good. Moreover, effect sizes for objective and self-report outcomes were similar (d+ = .32 vs. .35, respectively) . It is also worth noting that interventions proved effective for cancer survivors irrespective of cancer stage, type of cancer, type of treatment, and time since diagnosis. Our findings also indicated that higher BMI was associated with greater intervention effectiveness and interventions that deliberately targeted participants who are overweight or sedentary were especially effective. These results underline the value of physical activity interventions for all cancer survivors (e.g., Mustian et al., 2012) , and suggest that targeting those with greatest need, that is, overweight or sedentary survivors, facilitates effectiveness.
To answer the second questionwhat combination of intervention strategies lead to improved effectivenesswe made efforts to use both best-practice and innovative methods. We Two innovative methods to identify change techniques and intervention features that predict effectiveness were the use of meta-CART analysis and a novel extension of this technique, iterative meta-regression analysis (IMRA). Whereas the single previous meta-CART Physical Activity Among Cancer Survivors 20 analysis only examined combinations of change techniques as predictors of effect size (Dusseldorop et al., 2014) , here we examined how change techniques and intervention features together could be combined. Moreover, because meta-CART analysis could identify only a single split (i.e., supervised vs. unsupervised programs), and this finding had to be confirmed with meta-regression analyses (to take sample size and random effects into account), we used IMRA to test further possible splits beyond the single split that was generated by meta-CART.
IMRA offered a richer picture of how intervention strategies combine to predict effectiveness than was afforded by meta-CART on its own.
In particular, IMRA indicated that increased contact time served to magnify the effect of supervised programs. IMRA also identified several splits for unsupervised programs. Greater contact time again enhanced impact, as did targeting overweight or sedentary participants. Thus, the overall effect of targeting overweight or sedentary samples accrued from unsupervised programs. Prompting barrier identification and providing a self-complete/tailored workbook both reduced intervention effects. A previous meta-analysis indicated that prompting barrier identification reduces self-efficacy (Ashford, Edmunds, & French, 2010) , which would explain the negative effect of this technique. It is not clear why providing a workbook was counterproductive. Workbooks could make physical activity seem difficult and could undermine intrinsic motivation. However, primary research is needed to test these possibilities. In the meantime, we do not recommend providing workbooks for unsupervised programs.
The effectiveness of unsupervised programs with longer contact time was also contingent upon not using prompt barrier identification or providing a workbook. However, effectiveness also depended upon setting graded tasks, intervention personnel assigning a physical activity goal to participants, and prompting self-monitoring of behavior. Effect sizes for longer unsupervised programs were substantially reduced when these three techniques were not deployed. It is also notable that established techniques such as set graded tasks and prompt selfmonitoring of behavior only emerge as important when particular intervention features are already in place (i.e., when the program is unsupervised and involves greater contact time).
IMRA identified one split for shorter unsupervised programs and two splits for unsupervised programs that targeted overweight or sedentary participants. In each case, findings indicated that interventions would benefit from not deploying particular change techniques.
Providing general encouragement that was not contingent upon specified behaviors or standards of performance was counterproductive for short unsupervised programs. Providing feedback on performance and assessing motivational readiness were both contra-indicated when unsupervised programs targeted overweight or sedentary participants. It is possible that assessing readiness and providing feedback could undermine motivation for physical activity among overweight or sedentary cancer survivors (see Harkin et al., 2016) .
Establishing outcome expectations emerged as a key predictor of the effectiveness of unsupervised programs, and proved especially beneficial when intervention contact time was longer. Establishing outcome expectations was defined as "encouraging participants to imagine or expect realistic and positive outcomes of physical activity" and differs from both provide information on consequences and enhance enjoymenttwo techniques that did not predict effect sizesin its emphasis on favorable but feasible consequences of physical activity. Emphasizing realistic outcomes could serve to prevent over-ambitious goal setting or enable participants to better handle setbacks or lapses. The findings observed here for establishing outcome expectations also echo recent primary research demonstrating that physical activity intentions that are better aligned with expectations are translated into action more effectively (Avishai, Conner, & Sheeran, 2018 ). The precise mechanisms by which outcome expectations promote physical activity remain to be determined, however, and this constitutes an important avenue for future research. At the same time, establishing outcome expectations would seem to be a key ingredient for increasing physical activity in unsupervised programs.
Limitations of the present review and the database upon it rests must also be considered.
Even though the literature search was conducted in October 2016, we started with 32,626 records. However, only 138 tests qualified for inclusion in the meta-analysis. Given the importance of physical activity for both physical and psychological outcomes, further tests are needed. It is also the case that most studies concerned survivors with breast cancer and survivors in the wake of treatment. Additional tests of patients who are still in treatment and those with prostate and colon in particular, are warranted (see Table S10 ). Follow-up periods were generally short (M = 12 weeks) and longer-term follow-ups would be desirable. Further tests would permit more fine-grained analyses of the role of feedback (type, quality, quantity, timing) that could not be undertaken in the present review.
Conclusion
Notwithstanding these limitations, the present review indicates that interventions to promote physical activity among cancer survivors are effective, and offers new insights into strategies that are liable to be effective in future interventions. Although there was evidence of publication bias and small sample bias, a substantial literature has accumulated (k = 138, N = 13,050) and indicates that interventions have at least a small effect (d+ ≥ .20) on the amount of physical activity undertaken by survivors. Supervised programs were more effective than unsupervised programs, and longer supervised programs had an effect of medium-to-large magnitude (d+ = .69). Unsupervised programs could be as effective as supervised programs (d+ = .70) when there was greater contact time and outcome expectations were established. Further primary research is warranted to corroborate these findings. Full-text articles assessed for eligibility (n = 1,618)
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Studies included in systematic review and meta-analysis (n = 128) Independent tests available for analysis (k = 138)
Figure 2
Funnel Plot of Effect Sizes Eligibility criteria 6 Specify study characteristics (e.g., PICOS, length of follow-up) and report characteristics (e.g., years considered, language, publication status) used as criteria for eligibility, giving rationale.
8-9
Information sources 7 Describe all information sources (e.g., databases with dates of coverage, contact with study authors to identify additional studies) in the search and date last searched.
Search 8 Present full electronic search strategy for at least one database, including any limits used, such that it could be repeated.
Supplementary Materials
Study selection 9 State the process for selecting studies (i.e., screening, eligibility, included in systematic review, and, if applicable, included in the meta-analysis).
8-9
Data collection process 10 Describe method of data extraction from reports (e.g., piloted forms, independently, in duplicate) and any processes for obtaining and confirming data from investigators.
9-12
Data items 11 List and define all variables for which data were sought (e.g., PICOS, funding sources) and any assumptions and simplifications made.
9-12, Supplementary
Section/topic # Checklist item Reported on page #
Risk of bias across studies
15 Specify any assessment of risk of bias that may affect the cumulative evidence (e.g., publication bias, selective reporting within studies).
10
Additional analyses 16 Describe methods of additional analyses (e.g., sensitivity or subgroup analyses, metaregression), if done, indicating which were pre-specified.
10-11
RESULTS
Study selection 17 Give numbers of studies screened, assessed for eligibility, and included in the review, with reasons for exclusions at each stage, ideally with a flow diagram.
8-9, Figure 1 Study characteristics 18 For each study, present characteristics for which data were extracted (e.g., study size, PICOS, follow-up period) and provide the citations.
Supplementary Materials
Risk of bias within studies 19 Present data on risk of bias of each study and, if available, any outcome level assessment (see item 12).
Results of individual studies 20 For all outcomes considered (benefits or harms), present, for each study: (a) simple summary data for each intervention group (b) effect estimates and confidence intervals, ideally with a forest plot.
14, Figure 2
Synthesis of results 21 Present results of each meta-analysis done, including confidence intervals and measures of consistency.
13-17, Figure 3 , Supplementary Materials
Risk of bias across studies 22 Present results of any assessment of risk of bias across studies (see Item 15).
13, 16
Additional analysis 23 Give results of additional analyses, if done (e.g., sensitivity or subgroup analyses, metaregression [see Item 16]).
15-17
Materials Risk of bias in individual studies 12 Describe methods used for assessing risk of bias of individual studies (including specification of whether this was done at the study or outcome level), and how this information is to be used in any data synthesis.
12, Supplementary Materials
Summary measures 13 State the principal summary measures (e.g., risk ratio, difference in means). 9-10
Synthesis of results 14 Describe the methods of handling data and combining results of studies, if done, including measures of consistency (e.g., I 2 ) for each meta-analysis.
9-10
DISCUSSION
Summary of evidence
24 Summarize the main findings including the strength of evidence for each main outcome; consider their relevance to key groups (e.g., healthcare providers, users, and policy makers).
17-18
Limitations 25 Discuss limitations at study and outcome level (e.g., risk of bias), and at review-level (e.g., incomplete retrieval of identified research, reporting bias).
17-21
Conclusions 26 Provide a general interpretation of the results in the context of other evidence, and implications for future research.
FUNDING
Funding 27 Describe sources of funding for the systematic review and other support (e.g., supply of data); role of funders for the systematic review. For more information, visit: www.prisma-statement.org.
